Abstract
Pesticide risk assessment for food products involves combining information from consumption and concentration data sets to estimate a distribution for the pesticide intake in a human population. Using this distribution one can obtain probabilities of individuals exceeding specified levels of pesticide intake.
In this paper we present a probabilistic, Bayesian approach to modeling the daily consumptions of the pesticide Iprodione though multiple food products. Modeling data on food consumption and pesticide concentration poses a variety of problems, such as the large proportions of consumptions and concentrations that are recorded as zero, and correlation between the consumptions of different foods. We consider daily food consumption data from the Netherlands National Food Consumption Survey and concentration data collected by the Netherlands Ministry of Agriculture. We develop a multivariate latent-Gaussian model for the consumption data which allows for correlated intakes between products. For the concentration data we propose a univariate latent-t model. We then combine predicted consumptions and concentrations from these models to obtain a distribution for individual's daily Iprodione exposure.
The latent-variable models allow for both skewness and large numbers of ze-ros in the consumption and concentration data. The use of a probabilistic approach is intended to yield more robust estimates of high percentiles of the exposure distribution than an empirical approach. Bayesian inference is used to facilitate the treatment of data with a complex structure.
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INTRODUCTION
An important area of food risk assessment concerns intakes of toxic substances through food. We consider estimating the distribution of individual daily intakes of a particular pesticide when it may be present in several food products. Because concentrations of pesticide are highly variable, even on particular food products, it is necessary to combine information on how much of each food is consumed by an individual (consumption data) with how much of the pesticide is present on the products (concentration data).
Paulo et al. (1) identify four approaches to assessing dietary exposure: deterministic models, probabilistic models in which distributions are estimated by resampling data, parametric statistical models estimated using frequentist principles, and parametric statistical models to which Bayesian inference is applied.
The essence of the increasingly popular Bayesian approach to statistical modeling is that unknown parameters are assumed to follow a probability distribution which is intended to reflect knowledge of their likely values before examining the data. Thus we have to specify a prior probability distribution for all these parameters. Under this approach, information on the parameters from the prior distribution and the data is combined to form a posterior probability distribution (2) . We can infer the posterior distribution of random variables which have not been observed, for example daily consumption of a food product by an individual chosen at random from the population. Comparison of such a predicted distribution with the data allows us to check the fit of the statistical model assumed. We use the freely-available WinBUGS package (3) for Bayesian model fitting and prediction.
The Bayesian method proposed by Paulo et al. (1) models the consumption of multiple food products by first considering whether each product is consumed or not on a particular day. To allow for dependence in the choice of the products chosen, binary variables indicating whether each is consumed are assumed to follow a log-linear model with two-factor interactions. The nonzero consumptions (and the body weight of the consumer) are then assumed to follow a multivariate lognormal distribution. Pesticide residue concentrations are similarly modeled using a binary variable to indicate whether or not a detectable amount is recorded, along with a lognormal distribution truncated at the limit of detection (LOD) for detectable concentrations. Paulo at al. (1) admit some disadvantages of their model: it requires generalization to account for consumption recorded on several days and on members of the same household; also computation is practicable only for small numbers of products.
An alternative to treating zero and positive consumptions separately within a parametric statistical model is to assume a continuous distribution, such as a Gaussian, and to threshold the distribution so that values below the threshold correspond to zero consumption. Allcroft et al. (4) propose a multivariate version of such a 'latent-Gaussian' model, and apply it to study the daily consumption of 51 food types simultaneously. The latent-Gaussian model may be regarded as a particular case of a 'latent-variable' model in which any convenient continuous distribution may be thresholded.
In the present paper, we adopt a Bayesian approach to exposure assessment, and apply it to a multivariate latent-Gaussian model for daily consumption data on five food products. This model can incorporate records made on several days. It may be combined with a model for pesticide residue concentrations: the latent-Gaussian and a latent-lognormal model are found to be inadequate for concentration data on the fungicide Iprodione, but a latent-t model is found to fit the data well. It allows prediction of individual Iprodione intakes from consuming the five products individually and together.
While a frequentist approach to these models could be taken, it would rely for inference on large-sample theory with doubtful validity.
MATERIALS
The consumption data are derived from the Netherlands National Food Consumption Survey (5, 6) . Records of food consumption over two consecutive days are available on 5756 individuals in the age range 1-97. The consumptions of these products were converted to approximate amounts of raw agricultural commodities using the conversion model for primary agricultural products developed at the RIKILT -Institute of Food Safety in the Netherlands: see van Dooren at al. (7) for details. Five products were chosen for study, endive, lettuce, grape, strawberry and currant: these products were selected as having the highest concentrations of Iprodione. Table I Iprodione is a contact fungicide used against a wide range of fungal diseases on vegetables, apples, stone fruit and root crops; it is used as a post-harvest dip for fruits. The concentrations of Iprodione in the five foods were collected by the Netherlands Ministry of Agriculture, Nature Management and Fisheries (LNV) through the programme for the Quality Agricultural Products (KAP) over a period of five years (8) . Samples of the five products were bought randomly from various shops and analyzed for levels of Iprodione (expressed in µg of pesticide per g of commodity). The LOD was 0.02 µg/g for all products. Table II shows the number of samples analyzed for Iprodione in each prod-uct, and summarizes the resulting data. The concentration distributions are also skewed: 76% of the samples contained no detectable Iprodione.
Some of the chosen products might be eaten together, for example in a salad bowl or a bowl of mixed fruit, so we assume that their consumptions are correlated and model these consumptions together. No similar argument applies to the concentrations of Iprodione in the food products, so these are modeled separately: predictions from the two models are then combined.
METHODS
We first present a method for modeling the daily consumption of the five products over a number of days. Then the method for modeling the concentration data is presented; and finally the distribution of daily Iprodione intake is inferred using the modeled consumption and concentration data.
Multivariate Latent-Gaussian Model for Consumption Data
We develop a latent-Gaussian model which accounts for the zero or positive consumption of each food product using a single random variable, rather than a binary variable indicating whether consumption is positive and a continu-ous variable for the positive consumption, if any. The latent-Gaussian model as described by Allcroft and Glasbey (9) assumes that observations recorded as zero result from censoring values below a specified threshold. In our model, the threshold is taken to be zero for the consumption data, but equal to the LOD for pesticide concentrations. The latent-Gaussian model assumes that the positive part of the data fits the tail of a Normal distribution above the threshold, possibly after a transformation. Values of the expectation of this Normal distribution which are greater than and less than the threshold correspond to proportions of zeros which are respectively less than and greater than 0.5. Allcroft et al. (9) discuss fitting a multivariate latent-Gaussian model to study the daily consumption of 51 food types simultaneously. The transformations they use are estimated separately for each food type.
We assume that the consumptions of the five products are correlated over the population, but, conditional on an effect for each individual, the consumptions on different days are assumed to be uncorrelated. We fit a multivariate latent-Gaussian model for the consumption data, but prefer to limit the complexity of our model by using a common transformation for all products.
Normal probability plots suggest that a square root transformation provides a suitable compromise: it gives a slightly worse fit than an identity transformation for the endive and lettuce consumption, and a good fit for grape; stronger transformations would be required to give better latent-Gaussian fits for strawberry and currant. We refer to the square-root transformed consumptions as 'responses'.
We use r ijk to denote the response of individual i for product j on day k, and ρ ijk to denote the corresponding latent variable (i = 1, . . . , n; j = 1, . . . , p; k = 1, . . . , q). For the data considered here (relating to endive, lettuce, grape, strawberry and currant), n = 5756, p = 5 and q = 2. The response and latent variable are related by
For individual i, we define p-vectors ρ ik (k = 1, . . . , q) of the latent responses for the food products on the q days, and assume that they are independently distributed with a multivariate Normal distribution N p (µ i , Σ) conditional on µ i and Σ. Because of the paucity of positive consumption data, we make a fairly simple assumption about the effects of individual and food product on the latent variables: element µ ij of µ i is assumed to be given by
where φ i and π j denote the effects of individual i and food j. Increasing the values of the diagonal elements of T from 200 has little effect on the posterior estimates of the model parameters. Fig. 1 shows a graphical representation of the model described above: such networks are used extensively in Bayesian modeling (3) . The circles or nodes represent the consumption data and the model parameters, and the arrows correspond to the dependencies between them. Full and broken arrows represent random and deterministic dependencies respectively. The distributions of the random variables at a node are defined conditionally on the nodes from which the arrows are directed. The nodes within a rectangle are repeated over the levels of the factor named in the bottom left-hand corner of the rectangle.
Adequacy of the Model
We use the posterior distributions for our model parameters to predict the consumption of each food product on one or more days by an individual sampled at random from the population of consumers: these predictions assume that the same model and prior distribution are appropriate for such an individual. In particular, the probability of a zero daily consumption for each product can be estimated. We simulate 25,000 sets of consumptions for the five products. Table III For currant the predictions are below both observed percentiles, and for the remaining food products one is below and the other is above. Fig. 2 compares the cumulative distribution functions (cdfs) of the daily consumption of the five products with the corresponding predictive cdfs on the original scale. The fit appears to be good for lettuce and currant, but rather poor for endive, grape and strawberry at consumptions less than 50 g. However, the fit at high levels is more important for assessing pesticide intake.
Using a different transformation for each product, such as a quadratic power transformation as discussed by Allcroft et al. (9) , may improve the fit at the cost of increased complexity. With other simple power transformations the fit did not improve, and for simplicity we work with the chosen square-root transformation.
Model for Iprodione Concentration
In contrast to the consumptions of the five products, there is no need to allow for correlations between the concentrations of Iprodione on these products, or for repeated observations. We therefore develop separate univariate models for these concentrations, again using the latent-variable approach to account for the large number of zero concentrations. Latent-Gaussian distributions were found to be inadequate for the heavy-tailed distributions of concentra-tions. Using latent-lognormal distributions (that is applying latent-Gaussian distributions to the logarithms of the concentrations) results in tails which are too heavy. Instead we use scaled non-central t distributions for the latent variables. Thus we assume that the positive concentrations are fitted by the tail of a t distribution above the LOD without using any transformation.
Let the observed concentrations of Iprodione on sample h of product j be denoted by c hj (h = 1, . . . , n j ; j = 1, . . . , p), where n j is the number of samples collected for product j. Let κ hj be the associated latent variable
Here κ hj is assumed to be from a t distribution t(λ j , τ j , d c ) with center λ j , precision τ j and degrees of freedom d c ; its probability density function (2) is proportional to
The same prior distribution is specified for the Iprodione concentration of each food product. The center λ j and precision τ j of the t distribution are given the distributions N(0,100) and χ tails, whereas t distribution with large degrees of freedom approximate the Gaussian distribution, which we know provides a poor fit. If more data were available this parameter might be taken to be unknown.
As with the consumption data, the posterior distributions of the unknown parameters can be used for prediction, in this case of Iprodione concentrations on samples of each food product. Fig. 3 compares the cdfs of the observed and the predicted concentrations under latent-Gaussian, latent-lognormal and latent-t models: the latent-t model appears to give a much better fit than either of the other models. 
Prediction of Iprodione Intake for the Five Products
To simulate the daily intake of Iprodione through the five food products (individually and in total), we draw values at random from the predictive distribution of daily consumptions for the five products and the predictive distributions of concentration for these products and multiply together the consumption and concentration value for each product. We base our predicted distribution of Iprodione intakes for each food product on 25,000 such pairs of values. Predicted values of the concentrations that are less than the LOD are set to zero, to allow comparability with the empirical approach.
We compare the results obtained using our Bayesian model with those from the empirical or resampling approach mentioned in the Introduction, which avoids statistical modeling. In this approach, an observed daily consumption of a food product is chosen at random and multiplied by a randomly selected concentration for the same product. An empirical distribution for the pesticide intakes is obtained by repeating this procedure many times.
When considering the total intake of Iprodione from the five products, both methods take account of the correlations between the consumptions of the products by sampling vectors of predicted or observed daily consumptions.
The total intake is obtained by summing the predicted intakes for the indi-vidual products. Fig. 4 compares the distributions of the individual and total Iprodione intake through the five products using the empirical and Bayesian latent-variable approaches. The two approaches give similar cdf curves, especially for the total intake.
The acute reference dose (ARD) for Iprodione in humans is 60 µg (10) . The estimated probabilities that an individual consumes more than this amount though the five products in total are 0.0220 and 0.0203 for the empirical and Bayesian approaches.
DISCUSSION
In this paper we have combined information on consumption and concentration to predict daily intakes of the fungicide Iprodione from eating endive, lettuce, grape, strawberry and currant. Our method models the consumptions of multiple food products together and also the distributions of the separate fungicide concentrations, before combining predictions from the two types of data to estimate the distribution of daily consumption from each food product. Such a distribution is more useful than an assessment of the maximum possible daily intake of the fungicide. By modeling the sources of variation in the consumption data, we are able to incorporate individual consumptions recorded on several days: a similar model could be used for data on members (or at least adult members) of the same household. The parameters of our latent-variable models could be estimated using a frequentist approach, but predicted pesticide intakes would be more dependent on large-sample approximation.
The empirical and Bayesian approaches can both take into account any possible correlation between the consumptions of multiple products, but the latter approach should give less variable estimates, particularly with sparse data. According to the UK Committee on Toxicity of Chemicals in Food, Consumer Products and the Environment (11) , using probability models to describe consumption and concentration data yields more robust estimates of high percentiles of the exposure distribution than using the empirical approach.
The good agreement in the pesticide intake distributions seen in Fig. 4 suggests that with appropriate choice of distributions the Bayesian latentvariable approach does not lead to bias. Fig. 3 also suggests that the fit of the latent-t model for pesticide concentration is good. Fig. 2 shows that the consumption of endive and strawberry is not well fitted at low levels: a different transformation from the square root may improve the performance of the model.
Pesticide intake may be expressed relative to body mass as the consumption of a product times pesticide concentration on the product divided by individual body mass. Paulo et al.
( 1) propose a model which takes into account the correlation between individual body mass and consumption. Our method may be similarly generalized to develop a joint predictive distribution of body mass and consumption for the population. Samples from this distribution could be used for predicting Iprodione intake per kg of body mass.
The concentration data used in this paper are assumed to be representative of the pesticide residue levels on the food products recorded for the consumption data. However, the concentration and consumption data were collected independently, and the concentrations were not measured from the consumed products. Also the concentration data do not provide evidence of any seasonal variability, and ignore the possibility that pesticide intake can be reduced by removing the outer leaves of endive or lettuce. 
